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Abstract Remotely sensed microwave observations of vegetation optical depth (VOD) have been widely
used for examining vegetation responses to climate. Nevertheless, the relative impacts of phenological
changes in leaf biomass and water stress on VOD have not been explicitly disentangled. In particular,
determining whether leaf water potential (ψL) affects VOD may allow these data sets as a constraint for plant
hydraulic models. Here we test the sensitivity of VOD to variations in ψL and present a conceptual
framework that relates VOD to ψL and total biomass including leaves, whose dynamics are measured
through leaf area index, and woody components. We used measurements of ψL from three sites across the
US—a mixed deciduous forests in Indiana and Missouri and a piñon-juniper woodland in New Mexico—to
validate the conceptual model. The temporal dynamics of X-band VOD were similar to those of the VOD
signal estimated from the new conceptual model with observed ψL (R

2 = 0.6–0.8). At the global scale,
accounting for a combination of biomass and estimated ψL (based on satellite surface soil moisture data)
increased correlations with VOD by ~ 15% and 30% compared to biomass and water potential, respectively.
In wetter regions with denser and taller canopy heights, VOD has a higher correlation with leaf area index
than with water stress and vice versa in drier regions. Our results demonstrate that variations in both
phenology and ψL must be considered to accurately interpret the dynamics of VOD observations for
ecological applications.

1. Introduction

Remote sensing of vegetation is useful for monitoring ecosystem health, identifying trends in vegetation
characteristics, and developing an improved understanding of global carbon and water cycles (Jones &
Vaughan, 2010). Among remotely sensed vegetation indices, microwave radiometry-derived observations
of vegetation optical depth (VOD) have been widely used to study trends in biomass (Liu et al., 2015) and
woody encroachment (Brandt et al., 2017). VOD is a dimensionless parameter that describes the rate of
attenuation of microwaves as they pass through the vegetation canopy. This attenuation rate depends on
both canopy structure and vegetation water content (Jackson & Schmugge, 1991; Wigneron et al., 2004).
Depending on the application, different VOD data sets have been alternately interpreted as predominantly
sensitive to vegetation biomass (Guan et al., 2014; Liu et al., 2013, 2015; Tian et al., 2017), or some unspecified
combination of biomass and water content (e.g., Andela et al., 2013; Jones et al., 2012, 2013). Because of its
integrated sensitivity to both vegetation density and water content, VOD has also been used as a proxy for
fuel loads (Forkel et al., 2016; Tian et al., 2017). However, the relative sensitivity of VOD to vegetation density
and water content is poorly defined in most studies limiting its utility.

Both theoretical considerations and field experiments in grassy and shrubby vegetation types have shown a
linear relationship between VOD and the vegetation water content (VWC) of the canopy (i.e., the mass of
canopy water; Jackson & Schmugge, 1991). More recently, satellite-based products have been validated by
comparison to herbaceous and woody biomass components in the Sahel (Tian et al., 2016). Microwaves
attenuate as they pass through vegetation, such that space-based observations are generally most sensitive
to the upper canopy. The relative sensitivity to different canopy layers varies with canopy structure and elec-
tromagnetic frequency (more sensitive to lower layers at lower frequency; Ulaby & Long, 2014). At lower
L-band frequencies, VOD has also been shown to carry information about crop growth and yield
(Hornbuckle et al., 2016). Space-based VOD data sets from a number of different sources (sensor
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instrument, operating frequency, and retrieval algorithm) have been compared extensively to optically
derived vegetation indices, including the normalized difference vegetation index (NDVI) and leaf area index
(LAI; Du et al., 2017; Jones et al., 2011; Lawrence et al., 2014; Liu, De Jeu, et al., 2011; Tian et al., 2016).

Despite extensive validation of the relationship between satellite-derived VOD estimates and vegetation
density, relatively few studies have explicitly sought to validate the sensitivity of VOD to canopy water status.
The relative water content of a canopy is proportional to leaf water stress (Bartlett et al., 2012). Given the
increasing availability (Du et al., 2017; Fernandez-Moran et al., 2017; Konings et al., 2016; Konings, Piles,
et al., 2017; Liu, De Jeu, et al., 2011), length, and use of new VOD data sets, it is crucial to better understand
how water stress affects VOD to properly interpret the signal. Microwave remote sensing indices such as VOD
have the potential to be particularly useful for studies of water stress because they are much less sensitive to
atmospheric conditions and sun-sensor geometry than optical or hyperspectral sensors (Morton et al., 2014;
Ulaby et al., 1982) and are available even during cloudy conditions. Understanding the effect of water stress
on VOD is also needed for investigating the interpretations of changes in VOD that are solely attributed to
biomass changes.

Studies of vegetation water stress often consider the dynamics of leaf water potential (ψL), which has
long been known to plant physiologists to reflect plant hydraulic status, and is strongly linked to
stomatal closure and xylem embolism (Jarvis, 1976; Sperry & Tyree, 1988). During periods of negligible
transpiration, ψL is often assumed to be equilibrated with soil water potential (Donovan et al., 2003).
During daytime periods, it will decline to create the driving force necessary to move water from the soil
to the leaves. Plants regulate ψL by reducing stomatal conductance to prevent excessively negative ψL

that can damage xylem. The incorporation of plant hydraulics in dynamic global vegetation models
and earth system models is becoming increasingly common (Bonan et al., 2014; Christoffersen et al.,
2016; Matheny et al., 2017; Xu et al., 2016), and the ability to constrain ψL with remotely sensed obser-
vations would be particularly useful for benchmarking and parameterizing these models. Furthermore,
these inferred constrained ecohydrological parameters could be useful for improving the accuracy of
atmospheric boundary layer models (e.g., Momen & Bou-Zeid, 2016, 2017) by providing realistic
boundary conditions for such flows. While diurnal variations in VOD have previously been assumed to
be indicative of changes in ψL (Konings & Gentine, 2017; Konings, Williams, et al., 2017), the sensitivity
of VOD to ψL has not been explicitly tested.

In this paper, we aim to relate VOD to a combination of ψL and total biomass (leaves and stems/branches). In
particular, we seek to better understand the factors affecting VOD by addressing the following research
questions:

1. How can we disentangle the sensitivity of VOD to ecosystem-level leaf water potential and aboveground
biomass (AGB)?

2. What are the relative and interacting effects of leaf water potential and total AGB (phenological and static
biomass) on VOD across ecosystems, and how well do they capture observed VOD variability?

To address question 1, we introduce a new conceptual framework that incorporates the interacting effects of
water potential and canopy biomass in section 2.1. Next, we describe the used data sets and the analyses in
section 2.2. In section 3, the validity of this conceptual model will be examined using measurements of ψL.
Leaf water potential is a challenging variable to measure at a high temporal frequency, as it requires access
to canopy leaves that are often dozens of meters above the ground surface. Here we leveraged three
preexisting high-frequency ψL data sets from three forested sites in the United States that span a broad range
of climate conditions and species. Finally, remotely sensed surface soil moisture was used to estimate ψL at
the global scale to better examine variations in the relative roles of water status and phenology across
ecosystems in section 4.

2. Methods
2.1. Conceptual Model

VOD is expected to be linearly proportional to VWC (in units of mass of water per unit area) in a canopy
(Jackson & Schmugge, 1991):

VOD ¼ b�VWC; (1)
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where b depends on canopy structure. Note that some studies of lower frequency (L-Band) VOD showed that
bmay also depend on time and decrease during senescence (likely due to changes in vegetation structure);
however, such dependence on time was found to be relatively low (Wigneron et al., 2004), and so we
consider a time-constant value of b here. The VWC is the product of the total aboveground dry biomass
per unit area (AGB) and the relative water content (RWC; mass of water per unit mass of dry AGB) as

VWC ¼ AGB�RWC: (2)

We considered total vegetation mass as the sum of a static component that does not change significantly
within a year, represented as s (stems and branches), and a dynamic component that was dependent on leaf
phenology. The latter term is assumed to be proportional to the leaf area index, AGBleaf = p × LAI, where p is a
constant of proportionality that may vary in space across canopies, but does not vary in time. Hence, total
AGB can be written as

AGB ¼ pLAIþ s: (3)

Note that the growth of woody plant components over time is neglected in this model. Over the seasonal-
scale analyses performed in section 3.1, the effect of woody plant growth is assumed to be negligible,
although it can be significant at multiyear timescales such as the 8 year record used in section 3.2. We expect
that any variation in VOD due to growth of the woody components over the longer record used in section 3.2
will be partially reflected in the LAI (because larger trees support more leaf area) and will primarily affect the
value of p (which is not studied in this paper), minimizing the errors associated with this assumption.
Consideration of both the woody and leafy components in equation (3) is consistent with previous findings
that VOD signals at frequencies higher than 6.8 GHz include the effects of water content both in herbaceous
and woody plant leaves/stems (Guglielmetti et al., 2007; Santi et al., 2009; Tian et al., 2017).

At the individual scale, the RWC of different plant components has been related to their ψL. Direct measure-
ments of changes in water content in different plant (crowns and stems) components have been linked to
water potential in these components using laboratory measurements of Norway spruce saplings (Zweifel
et al., 2000, 2001). RWC is usually related to ψL using a pseudo-exponential Weibull function (Pearcy et al.,
1989; Zweifel et al., 2000). Here we linearize this relationship and write

RWC ¼ mψL þ n; (4)

where n (mass of water per unit mass of dry AGB) is the intercept of this linearization, which represents RWC
when ψL = 0, and m (mass of water per unit mass of dry AGB over MPa) is the slope of this relationship. This
assumption of linearity between RWC and ψL has previously been used to determine the degree of ecosys-
tem isohydricity across the globe based on X-band VOD (Konings & Gentine, 2017) and is consistent with
similar assumptions regarding linearity between xylem conductivity loss and ψL (also often modeled as a
Weibull function) in modeling studies (Gentine et al., 2015; Manzoni et al., 2014). Equation (4) further
implicitly assumes that leaf and xylem water potential are equal, which may not be the case, particularly for
trees with high stem water storage (Köcher et al., 2013; Phillips et al., 2003). Combining equations (1–4) gives

VOD ¼ b mψL þ nð Þ pLAIþ sð Þ ¼ αþ βLAIþ γψL þ ηψLLAI; (5)

where α is the intercept and β, γ, and η are the slopes of the multiple linear conceptual model that do not vary
with time but vary in space. Based on this conceptual model, VOD depends on LAI, ψL, and their interaction.
The parameters of this linear relationship vary in space and are difficult to estimate a priori. In this paper, we
focus on whether the conceptual model can capture the dynamics of observed VOD, rather than on predict-
ing the static parameters of equation (5). We attempt to estimate a best-fit VOD proxy, referred as VODest.

here, by regressing against site-specific observations (in section 3) and global estimates (in section 4) of
LAI and ψL using the functional form of equation (5). The conceptual model is judged based on the ability
of the VODest. obtained from regression to capture the observed VOD.

2.2. Analyses and Data Sets

In this paper, we focus on VOD data sets obtained at X-band frequency, because this frequency is more sen-
sitive to canopy leaves (rather than stems or understory) than observations at lower frequencies and because
longer observational records are available compared to other frequency bands. The Land Parameter Retrieval
Model (Meesters et al., 2005; Owe et al., 2008) was used to retrieve VOD from X-band observations obtained
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by the JAXA Advanced Microwave Scanning Radiometer—Earth Observing System (AMSR-E). In late 2011,
AMSR-E ceased operations, after which retrievals from the Advanced Microwave Scanning Radiometer-2
(AMSR2) were used instead (Parinussa et al., 2015). Although the two sensors were designed to be
similar, some minor biases between these two data sets may remain due to calibration differences (Du
et al., 2014). To reduce the effect of this bias, only AMSR-E data are used in the global analyses. For
the local-scale comparison, only one site (Sevilleta) spanned across the two sensors, although the
results did not appear sensitive to the sensor used (see section 3.1). Furthermore, to reduce the effect
of canopy-intercepted water from rainfall on VOD (Saleh et al., 2006), all observations on days with
precipitation were removed. We assume that most intercepted canopy-water evaporates within 1 day,
so that nonrainy days are free of canopy interception errors. Precipitation data were obtained from the
TRMM 3B42RT product (Huffman et al., 2007) to match the VOD resolution of 0.25°. Note that TRMM
data are not available above 50°N and below 50°S. Therefore, rainy days were not removed from the
analysis above 50°N. Since filtering rainy days elsewhere had only a minor quantitative effect on the
global analyses (see section 4), we do not expect this to significantly influence the results. Furthermore,
conditions when the land surface temperature is less than 273°K are assumed to represent frozen soil
and were removed from this analysis.

The Global Land Surface Satellite (GLASS) data set was used for LAI (Liang & Xiao, 2012; Xiao et al., 2014). It is
based on a neural network approach applied to reflectance from the Moderate-Resolution Imaging
Spectroradiometer (MODIS) instrument onboard the Terra satellite. The LAI data set is linearly averaged from
a 0.05° to 0.25° resolution to match the VOD observations. Consistent with other MODIS products, the
temporal resolution of LAI data is 8 days because of observing limitations in the presence of cloud cover.
The VOD daily data are averaged to match this 8 day temporal resolution for consistency.
2.2.1. Local-Scale Observations
Observational data sets of ψL from three sites were used for validation purposes. The description of these
data sets is shown in Table 1. Sevilleta is located at the base of eastern flank of the Los Pinos Mountains in
New Mexico and is significantly less than at the other sites considered. The site is a woodland dominated
by two species: piñon pine (Pinus edulis, Engelm. with average height of 2.8 m and average crown area of
about 1,170 m2 ha�1) and juniper (Juniperus monosperma Sarg., with average height of 2.7 m and average
crown area of about 2,635 m2 ha�1), with few other commonly observed shrub species. Several drought
treatments were applied in the study that generated these data, but only ambient control data are used here
to increase representativeness compared to the greater VOD pixel. The canopy average for Sevilleta was
calculated based on crown area. See (Plaut et al., 2012) for additional information about the site and
the measurements.

Missouri Ozarks AmeriFlux (MOFLUX) is located in the University of Missouri’s Baskett wildlife Research
and Education Center. It is a mixed deciduous forest (oak-hickory) located in a warm, humid, and
continental climate with mean annual temperature of 12.6 °C; and with monthly mean minimum and
maximum temperatures of �1.3°C (January) and 25.2°C (July; National Centers for Environmental
Information, 1981–2010 Climate Normals). The upper quartile of canopy tree heights has a mean of
22 m (Gu et al., 2016), and the stand age is 80–90 years. On each sampling, a total of 20–21 leaves were
collected before dawn, with 6–7 taken from white oak (Quercus alba L.) and the rest distributed among
other major species approximately proportional to their relative dominance in the stand. Details of the
predawn ψL sampling methods are given in (Gu et al., 2015). The tree species sampled included: white
oak (~39% of basal area), eastern redcedar (Juniperus virginiana L., ~10% of basal area), black oak
(Q. velutina Lam. about 9% of basal area), shagbark hickory (Carya ovata (Mill.) K. Koch, ~7% of basal area),
and sugar maple (Acer saccharum Marsh., ~7% of basal area). The canopy-scale average predawn ψL

was estimated as the average, weighted by basal area.

Table 1
Description of the Observational Data Sets of ψL

Name Latitude, longitude Years ψL observation time Mean annual precipitation Vegetation type

1 Sevilleta 34.4°N, 106.5°W 2007–2014 Predawn 360 mm Woodland
2 Missouri Ozarks AmeriFlux (MOFLUX) 38.7°N, 92.2°W 2004–2010 Predawn 1,080 mm Mixed deciduous forest
3 Morgan–Monroe State Forest AmeriFlux 39.25°N, 86.5°W 2012–2013 Midday 1,030 mm Mixed hardwood forest
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Morgan–Monroe State Forest AmeriFlux is located in a mixed hardwood forest in south-central Indiana,
USA (39.25°N, 86.5°W; Schmid et al., 2000). For each sampling week during the growing seasons of
2012 and 2013, 120 leaf samples were collected at midday, spanning 12 trees, 5 leaves from each tree,
and 2 canopy positions (Roman et al., 2015). During this time period, the site experienced a severe
drought event that promoted significant variation in midday leaf water potential, both in time and across
species. The dominant sampled tree species of this site are sugar maple (~38% of litter LAI) and tulip
poplar (Liriodendron tulipifera, ~11% of litter LAI), and the observations of sunlit and shaded leaves were
averaged for both species. At this site, the canopy-average midday leaf water potential was calculated
based on a weighting by fractional LAI determined from litter-fall measurements as described in
Roman et al. (2015). The average height of the trees is 27 m, and the average age of the trees
is 80–90 years.

Leaf samples were collected before dawn at both MOFLUX and Sevilleta and compared to VOD observations
at a local overpass time of 1:30 AM. The midday samples of ψL at Morgan–Monroe were compared to VOD
observations at 1:30 PM. The footprint of the VOD observations is several orders of magnitude larger than
that represented by the ψL observations, and furthermore, each pixel includes a number of land-cover types.
Because repeated microwave observations at finer resolutions are not available, comparison across this large
range of resolution was necessary (see further discussion below).
2.2.2. Global Scale Observations
The three local-scale sites cover a limited range of ecosystem types. Hence, we attempted to examine the
conceptual model at the global scale. Since ψL observations are not available across the globe, remotely
sensed soil moisture observations were used a separate proxy of water availability. Soil moisture retrievals
from the European Space Agency Climate Change Initiative (CCI) active-passive soil moisture data set are
used (Liu, Parinussa, et al., 2011b; Liu et al., 2012; Wagner et al., 2012). This product combines soil moisture
retrievals from multiple satellites by rescaling them to a common model climatology and using a weighted
average based on expected error statistics for each satellite and location. Soil type information from the
Harmonized World Soil Database (Fischer et al., 2010) was employed for converting the soil moisture data
to soil water potential, ψs. In this paper, a regridded version of the soil database product was used (Wieder
et al., 2012).

We use surface soil moisture data as a surrogate to investigate the variation in predawn ψL by employing the
following procedure:

1. Remotely sensed surface soil moisture observations are used to derive surface soil water potential (ψs,surf,
using empirical pedotransfer functions based on (Brooks & Corey, 1964)—see supporting information text
S1). The results were qualitatively robust to using alternative pedotransfer functions.

2. We assumed the variability of the surface remote-sensing ψs,surf is proportional to the variability of the
root-zone ψs, that is, that ψs,surf(t) is proportional to ψs,root-zone(t). Variations in soil moisture with depth
due to flow in the unsaturated zone and depth-dependent root water uptake ensure that this assumption
is likely a cause of error. Nevertheless, we assume that the surface soil water still provides some informa-
tion about root-zone water dynamics and how they may differ from the dynamics of leaf area

3. We assumed that at the 1:30 AM local time of the VOD overpass, leaf and root-zone water potentials are in
equilibrium; hence, ψs,root-zone(t) is proportional to ψL(t). That is, we assume that the nighttime rehydration
of leaf water potential—which brings it into equilibrium with the soil (Boyer, 1967; Herrera et al., 2008;
Larcher, 1995)—is largely completed by 1:30 AM. Nighttime transpiration or insufficiently fast refilling
rates for some or all of the species in a pixel cause this to be an imperfect assumption (Donovan
et al., 2003).

These three assumptions allowed us to approximate the temporal dynamics of ψL(t) at the global scale as
ψL

est.(t) = ψs(t). The resulting variable is referred to as ψL
est. below. Despite the facts that our estimates of

ψL
est. have several potential sources of error, they are expected to capture the dynamics of ψL to zeroth-order,

such that they can still be informative about the relative sensitivities of VOD. Pixels with annual average LAI
less than 0.05 or which are covered by tropical forests—in which soil moisture retrievals are not possible
because the dense vegetation prevents the electromagnetic waves from penetrating to the soil (Liu et al.,
2012)—were removed from the analysis. In addition, pixels for which more than 75% of possible data points
were missing (either due to a lack of overpasses or filtering of rainy days) were removed.
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To determine the relative contribution of LAI and ψL
est. to VODest., partial correlations were calculated. The

partial correlations for three variables are defined as below:

R VOD; LAI : ψest:
L

� � ¼ R VOD; LAIð Þ � R VOD;ψest:
L

� �
R ψest:

L ; LAI
� �

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
1� R VOD;ψest:

L

� �2q ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
1� R ψest:

L ; LAI
� �2q ; (6a)

R VOD;ψest:
L : LAI

� � ¼ R VOD;ψest:
L

� �� R VOD; LAIð ÞR LAI;ψest:
L

� �
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
1� R VOD; LAIð Þ2

q ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
1� R LAI;ψest:

L

� �2q ; (6b)

where equation (6a) represents the partial correlation between VOD and LAI and equation (6b) shows the
partial correlation between VOD and ψL

est..

Several ancillary data sets were used to aid in the interpretation of results. These included canopy height
determined from space-based lidar observations made by the Geoscience Laser Altimeter System (GLAS)
aboard the NASA Ice, Cloud, and Land Elevation satellite (ICeSat; with a regression tree used to fill in locations
with missing data; Simard et al., 2011) and land-cover type data from the MODIS MCD12C1 product (Friedl
et al., 2010). Both data sets are linearly averaged to match the 0.25° resolution of the VOD data.

3. Results
3.1. Local Validation Against Ground-Based Measurements

At all three evaluation sites, the temporal variability of VOD was compared with the temporal variability of
canopy-averaged ψL and LAI. The temporal variability of two dynamic variables in the conceptual model of
VOD—LAI and ψL—are provided for each of the three study sites in Figures 1–3. At each site, a constrained
multilinear regression was performed to validate the conceptual model.

In the sparsely vegetated Sevilleta site, LAI is relatively low and is poorly correlated with VOD. By contrast,
VOD clearly follows the dynamics of the canopy-average ψL (R

2 = 0.77, Figure S1). Four of the 8 years of avail-
able data at Sevilleta, NM are provided in Figure 1. Although only 4 years are shown here for clearer visual
interpretation, the other years displayed qualitatively similar dynamics. The dominant species at this site
are evergreen, thus permitting measurements of ψL throughout the entire year. The two dominant species
at this site have very different hydraulic strategies. The piñon pines are isohydric and therefore maintain a

Figure 1. Time series of (a) VODmidnight, (b) LAI, and (c) predawn leaf water potential (ψL) at the Sevilleta site in New Mexico for 4 years with high numbers of
available measurements: 2007, 2008, 2010, and 2011. In Figures 1a and 1b, the satellite-derived observations are shown as black squares for each 8 day period, while
blue dots represent values that are linearly interpolated to match the dates of the ψL measurements. The canopy average ψL is based on the average crown area
sizes of piñon pine (asterisks) and juniper (plus signs).
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Figure 2. Time series of (a) VODmidnight, (b) LAI, and (c) predawn leaf water potential (ψL), at the MOFLUX site in Missouri
for 2005–2007. In Figures 2a and 2b, the satellite-derived observations are shown as black squares for each 8 day
period, while blue dots represent values that are linearly interpolated to match the dates of the leaf water potential (ψL)
measurements. The canopy average ψL was based on the basal area of trees. Three dominant species are shown: White
oak (38.9% of basal area), eastern redcedar (9.7% of basal area), and black oak (9.4% of basal area).

Figure 3. Time series of (a) VODmidday, (b) LAI, and (c) midday leaf water potential (ψL), at the Morgan–Monroe site for
2012–2013. In Figures 3a and 3b, the satellite-derived observations are shown as black squares for each 8 day period,
while blue dots represent values that are linearly interpolated to match the dates of the ψL measurements. The canopy
average ψL was based on the litter LAI measurements shown in Figure 3b.
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relatively constant ψL (as observed, green line in Figure 1c), while the ψL of the anisohydric juniper is more
variable. The juniper species are more dominant at this site, with a crown area of 2,635 m2 ha�1 instead of
1,170 m2 ha�1 for the pines. Consistent with its relative dominance as a species, the dynamics of VOD are
more influenced by juniper ψL than for piñon pines, as can be seen by comparing the relative magnitude
of the midseason decline in VOD compared to the difference between the early season and late season
values. Furthermore, a number of other species (e.g., grasses) also have nearby habitats within the
25 × 25 km VOD pixel. Indeed, within the greater 0.25° pixel covered by VOD, MODIS classifies 37% of the
areas as grasslands and 60% as open shrublands. The close similarity between the VOD and the woody
canopy-average ψL suggests that the grassy species contribute relatively little to the VOD data at Sevilleta
or that the canopy-average of grass water potential dynamics is similar to the weighted average of the
two tree species.

At the MOFLUX site in Missouri, the predawn ψL of three of the dominant species (white oak, eastern red-
cedar, and black oak—together comprising ~58% of the canopy basal area) follow fluctuations similar to
the VOD (R2 = 0.53). Although the LAI at the MOFLUX site in Missouri is much higher than at Sevilleta, its
variability during the peak growing season (when most ψL measurements were made, as sufficient num-
bers of the leaves must be available for measurements) is relatively limited until after about DOY 250
(Figure 2). Thus, it is not surprising that the VOD dynamics at this site once again resemble the measured
predawn ψL more closely than LAI before DOY 250 in each year. However, even after LAI declines in late
2007, VOD continues to follow the dynamics of ψL more closely than those of LAI. By contrast, the ψL and
LAI of all dominant species both decline after about DOY 260 in 2006, but VOD does not. It is tempting to
attribute this difference to heterogeneity across the VOD pixel, for example, to contributions from
soybean and corn agricultural areas (~9% of the pixel is covered with croplands based on the MODIS
data) that cover a minority of the VOD pixel but whose ψL dynamics may differ from those of the forests.
However, based on our tests, the correspondence between VOD and the conceptual model was not
significantly worse during only times of peak agricultural biomass (R2 = 0.62, p value < 0.001) than the
whole measurement period (R2 = 0.64, p value < 0.001) including times before the peak agricultural
growing season (July, ~DOY 182) or after harvest (September and on, ~DOY 274). Hence, the late 2006
VOD behavior may be due to VOD retrieval errors, heterogeneity within the forested regions of the pixel,
or other sources of error (see Section 5).

Unlike at Sevilleta and MOFLUX, ψL measurements at the Morgan–Monroe site were collected at midday
rather than predawn. Therefore, afternoon (local time 1:30 PM) rather than early morning (local time
1:30 AM) VOD observations are used for comparison. Two years of data from the Morgan–Monroe site are
depicted in Figure 3. The AMSR2 instrument whose VOD retrievals are used in the 2012–2013 period did
not become fully operational until the second half of 2012, leading to a lower number of data points in
2012 than 2013. Note that the MODIS-derived LAI showed large fluctuations at Morgan–Monroe. Although
these are included in Figure 3 for consistency with other sites, additional LAI observations based on litter
are also shown (in red). Afternoon VOD retrievals may be more prone to error than nighttime ones due to
the lack of thermal equilibrium between canopy and soil temperatures (a common assumption in the retrie-
val of VOD from observed brightness temperatures). Perhaps partially because of these data quality issues,
the VOD variability in Figure 3 is less correlated to that of ψL (R2 = 0.1, p value = 0.08 for the whole
Morgan–Monroe data set) than for other sites. At Morgan–Monroe, time-averaged leaf litter-derived LAI
values for the two dominant species (Roman et al., 2015; Schmid et al., 2000) were used to estimate a
canopy-average estimate of ψL.

To test the sensitivities of VOD to LAI and ψL quantitatively, we attempted to estimate the observed VOD
dynamics using the conceptual model (equation (5)) and the available observational data for three sites,
shown in Figures 1–3. We randomly shuffle and split our data sets into a training (calibration—80% of the
data) and a testing (evaluation—20% of the data) subset. Specifically, we regressed VOD against MODIS
LAI data and site-level ψL measurements based on the functional form of the conceptual model in equa-
tion (5) for the training subset. Note that the static coefficients of the conceptual model (i.e., α, β, γ, and η)
in equation (5) must be nonnegative because the m, n, s, and p parameters represent physical quantities
that have nonnegative values. Hence, a constrained multiple linear regression approach that restricts the
coefficients to be nonnegative was used for the regression. The best-fit values were used for the static
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coefficients at each site, as values for these parameters are difficult to estimate a priori and because here
we focus on dynamical variables (VOD, LAI, and ψL) rather than these constant coefficients. The
coefficients found from the training subset are then used to evaluate the model’s performance using
the testing subset. The regression results are shown in Figure 4 for each of the three sites, in which
the test subsets are masked with a gray color. At all sites, the conceptual model reproduced observed
VOD dynamics reasonably well given the uncertainties associated with the scale mismatch between
data sets (R2test = 0.61–0.82, p values < 0.001). The residuals are independent of the time of the record,
implying a constant relationship between VOD and tree characteristics at each site. Furthermore, since
the conceptual model combines the biomass and water stress effects, it outperformed the correlations
of VOD with those terms individually (Table 2 and Figure S1). Indeed, if only LAI is used in the
regression, no more than 5% of the observed variability of VOD during growing season can be explained
(Table 2).

Despite the location of the ψL observations being arguably less representative of the VOD pixel at Sevilleta
than at MOFLUX and Morgan–Monroe, the estimated VOD is most successful in explaining observed VOD
variability there. This could be due to either the lower number of dominant species there (2 versus 5–10)
or the fact that the nonwooded areas of this VOD pixel are composed of grasses and shrubs that contribute
relatively little to the overall VOD signal, unlike the agricultural, urban, and understory contributions that
affect the VOD at MOFLUX and Morgan–Monroe. Lastly, the Morgan–Monroe and MOFLUX sites contain
far more plant water than the Sevilleta site and may be more sensitive to nonlinearities in the ψL–RWC con-
tent relationship (equation (4)) due to the effects of stem water storage.

The intercept of the conceptual model is proportional to the temporally constant dry biomass of the woody
components such as stems and branches (parameter s in equation (5)) in the reconstructed VOD signal. We
therefore expect its regression-based value to be high in taller canopies. This can be tested across the tree
sites. The intercept values of Morgan–Monroe and MOFLUX sites (α = 0.84, standard error = 0.09, and
α = 0.97, standard error = 0.03, respectively) are about twice as high as that of the Sevilleta site (α = 0.45,
standard error = 0.02). This trend is consistent with the average canopy height in those two sites (≈27 m at
Morgan–Monroe and ~20 m at MOFLUX), compared to the Sevilleta average canopy height, ≈3 m. This
relation will be explicitly investigated at a global scale for all the available pixels in the next section.

3.2. Global Validation Against Remote Sensing Data

The three sites studied in section 3 cover a limited range of ecosystem
types. Here we examined the relative contribution of AGB and ψL on the
VOD signal at a global scale and across ecosystems in various climatic
regions. We also evaluated the conceptual VOD reconstruction framework
at the global scale.

Using the VOD signal at the global scale based on the conceptual model,
remotely sensed LAI data, and estimated values of ψL (obtained via the

Figure 4. Local validation of the estimated VOD using the conceptual model against field measurements employing a
constrainedmultiple linear regression for (a) Sevilleta (α = 0.45, β = 0, γ = 0.02, η = 0.03), (b) MOFLUX (α = 0.97, β = 0, γ = 0.01,
η = 0.02), and (c) Morgan–Monroe (α = 0.84, β = 0.01, γ = 0.01, η = 0.04). Note that AMSR-E VOD data are used in
Figure 4b, AMSR2 VOD observations are employed in Figure 4c, and in Figure 4a VOD data from both AMSRE (2007–2011)
and AMSR2 (2012–2014) are used. The blue-red colors show years, the circles show the trained data, and triangles
represent the test data, which are only used for validation.

Table 2
Local-Scale Correlation Analysis for Three Studied Sites—Test Subset

Coefficient of determination Sevilleta MOFLUX Morgan–Monroe

R2test (VOD, VODest.) 0.82 0.67 0.61
R2test (VOD, α + β LAI) 0.05 0.02 0.02
R2test (VOD, α + γ ψL) 0.81 0.60 0.08
R2test (VOD, α + η ψLLAI) 0.71 0.67 0.58
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soil moisture data), we found that the correlation of VOD with LAI is higher
than with ψL

est. globally (with an average difference of ~15%), although
contributions of ψL are nontrivial and likely underestimated because of
the difficulty of estimating ψL (further discussed below). The probability
density function of the Pearson correlation coefficient between the result-
ing VODest. and VOD is shown in Figure 5. The 8 day averaged VOD, LAI,
and soil moisture data during 2003–2010 with 0.25° resolutions are used
to create this figure. About 64% of the pixels have R(VOD, VODest.) > 0.6,
indicating the general suitability of this approach for studying the relative
contributions of ψL and LAI to X-band VOD despite the number of signifi-
cant assumptions involved. The partial correlations of VOD with ψL

est. and
LAI are also shown in Figure 5 (defined in section 2.2.2). Although the influ-
ence of both ψL

est. and LAI on VOD is expected to be positive, 11% of the
values of the partial correlation with VOD and ψL

est. (conditioned on LAI)
and 12% of the values of the partial correlation between VOD and LAI
(conditioned on ψL

est.) are negative. This is likely due to errors in the
assumptions relating remotely sensed surface soil moisture to ψL.

Because the quality of the estimation of ψL
est. from surface soil moisture (sm) is uncertain, we performed a

sensitivity analysis using soil moisture directly instead of ψs. The performance of the conceptual model
was qualitatively similar, although the median of R(VOD, sm:LAI) and R(VOD, LAI:sm) decreased by 3% and
6%, respectively, compared to R(VOD, ψL

est.:LAI) and R(VOD, LAI:ψL
est.) and the corresponding peaks of the

probability density functions decreased by 15% and 5%, respectively (Figure S2). Hence, despite the uncer-
tainty inherent in the soil texture data and pedotransfer functions used, accounting for the nonlinearity
and spatial variability of the relationship between sm and ψs by explicitly estimating ψs increases the partial
correlations of LAI and ψs with VOD.

The coefficient of determination of the regression between the observed VOD and VODest. across the globe is
shown in Figure 6a. Despite the large number of assumptions necessary to estimate ψL at a global scale, the
reconstruction captures about 70% of the variability of the observed VOD in much of Europe, India, the
Southeastern United States, the Sahel, and African woodlands. The partial correlations allow us to investigate
the relative contribution of LAI and ψs in the VOD signal (Figure S3). The correlation map between VOD and
LAI is qualitatively similar to correlation coefficient map between VOD and NDVI plotted in Liu, De Jeu,
et al. (2011).

The correlation of VOD with VODest. obtained from the full conceptual model is higher than the partial corre-
lations of VOD with ψL

est and LAI. The relative contributions of ψL
est. and LAI are shown in Figures 6b and 6c.

The difference between the correlation coefficient of the full conceptual model and the partial correlation
coefficient with LAI accounting for ψL

est. shows the added information content obtained by accounting for
the effect of water stress on both time-varying and time-invariant AGB components. Similarly, the difference
between the correlation coefficient of the full conceptual model and the partial correlation coefficient with
ψL

est. accounting for LAI shows the effect of accounting for biomass in deriving water stress information from
VOD. The VODest. derived from the full conceptual model improves the partial correlation of VOD with ψL

est.

by about 31% on average and the partial correlation of VOD with LAI by about 15%. The effect of water stress
on VOD is most significant in several dry regions (e.g., central Australia, the western United States, and vege-
tated parts of the Middle East), but Figure 6c also shows high values in several wetter regions, including
Northeastern Brazil, Northern India, and Southern Russia. We note that because the errors associated with
estimatingψL from remotely sensed soil moisture are likely significantly larger than the errors in LAI retrievals,
Figure 6c is likely an underestimate of the contribution of ψL to VOD. Hence, the variability of both AGB and
RWC should be considered when investigating the temporal dynamics of VOD signal.

To further understand these spatial patterns, we examined the correlation components as a function of mean
pixel VOD (Figure 7). The partial correlation of VOD with ψL

est. decreases as mean VOD increases (Figure 7a)
whereas the partial correlation of VOD with LAI increases as mean VOD increases (Figure 7b). Thus, the
dynamics of VOD are more correlated with LAI when mean VOD is high and is more correlated with ψL

est.

when mean VOD is low. The mean pixel VOD is well correlated with mean precipitation, LAI, and canopy

Figure 5. The probability density function of the correlation between VOD
and VODest. (black solid line), the partial correlation between VOD and
ψL

est., accounting for LAI (red dashed line), and the partial correlation
between VOD and LAI, accounting for ψL

est.(blue dash-dotted line) during
2003–2010.
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height (Figure S4). This implies that in drier regions with sparse vegetation covers, VOD is more correlated
with plant water stress while in wetter regions with denser and taller canopy heights VOD is more
correlated with LAI. However, neither the partial nor the full correlation distributions change significantly
across land cover types (Figure S5, except perhaps slightly higher ψL

est. partial correlations for nonwoody
cover types), suggesting that this effect is due to vegetation density itself and not differences in canopy
structure. Unlike the partial correlations, the overall ability of the conceptual model to explain the
variability of VOD is independent of mean VOD (Figure 7c) as it combines the opposite trends of partial
correlations and outperforms both of them across different land-cover types (Figure S5).

As discussed in section 3, the regression intercept in equation (5) is expected to be proportional to the
amount of dry AGB in the static biomass components, for example, stems and branches. We therefore
expected it to increase with average canopy height. The scatterplot in Figure 8a shows the correlations
between these two quantities with R2 = 0.6 for all data points. Figure 8b depicts the variability of the intercept
across different land-cover types. As expected, the intercept values are higher for woody, forested land cover
types with large stems than for nonwoody types like grasslands, croplands, and savannas. Similarly, the
estimated intercepts are generally slightly higher in woody savannas than in savannas.

Figure 6. (a) Explainedvariability in VODbyusing a constrainedmultiple linear regressionof the conceptualmodel (VODest.);
(b) global difference map between the coefficient of determination of the full conceptual model (accounting for both LAI
and ψL

est. terms) and the square of the partial correlation of VOD with ψL
est. accounting for the effect of LAI, showing the

contributions of biomass-driven terms to VODest.; and (c) global differencemap between the coefficient of determination of
the full conceptual model (accounting for both LAI and ψL

est. terms) and the square of the partial correlation of VOD with
LAI accounting for the effect of ψL

est., showing the contributions of ψL
est.-driven terms to VODest.. Pixels, which are covered

by tropical forests, have annual average LAI< 0.05, or contain less than 75% of possible data points (either due to a
lack of overpasses or filtering of rainy days), were removed from the analysis, and are shown with a gray mask.
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4. Discussion

At the three sites studied in this paper, the comparison of VOD to ψL obser-
vations showed a dominant role of water stress compared to phenological
changes, although the effect of phenology may be underestimated at
deciduous MOFLUX and Morgan–Monroe sites—where measurements
of ψL were generally not available during the start and end of the growing
season when LAI is changing most rapidly. At the global scale, LAI changes
were more significant, contributing on average almost twice as much to
the total correlation between VOD and the optimally explained VOD as
ψL

est. did. However, because the estimates of ψL at global scales are signif-
icantly more error-prone than the remote sensing estimates of LAI, the
global-scale analyses likely underestimate the effect of ψL on VOD. Taken
together, neither the role of phenology nor the role of water stress can
be neglected in studying VOD dynamics.

The electromagnetic sensitivity of VOD to different canopy compo-
nents is known to vary based on both land cover type and electro-
magnetic frequency (Ulaby & Long, 2014), complicating the
interpretation of VOD dynamics. We focused on the X-Band
(~10 GHz) frequency VOD data set here due to its longer record
through the AMSR-E and AMSR2 satellite observations and since high fre-
quency data are likely relatively more sensitive to leaves rather than het-
erogeneous understory cover or stems. Carrying out the same global
analysis using lower-frequency C-band (~6.5 GHz) VOD indicated that
the correlations of our full-term equation with C-Band VOD retrievals
decreased about 5% on average compared to the X-band VOD retrievals
(Figure S6).

Although not tested here because they cover significantly different time
periods, lower L-band (~1.2 GHz) VOD records may be more sensitive to
stems and other woody components, which contain a majority of total
plant water in most species (Hornbuckle & England, 2004; Sternberg &
Shoshany, 2000). Thus, L-band records such as those from SMOS
(Fernandez-Moran et al., 2017) or SMAP (Konings, Piles, et al., 2017) may
be particularly useful for studies investigating the role of changes in
woody tissue water storage (e.g., Köcher et al., 2013) or studies of woody
encroachment (Brandt et al., 2017; Tian et al., 2017).

Even at the X-band frequency studied here, errors in the retrieval of
VOD from the observed brightness temperatures may also influence
the interpretation of its sensitivity. The analyses were repeated for

Figure 8. Regression intercept variability with canopy properties:
(a) relationship between canopy height and the intercept of the full-term
equation, α, and (b) the distribution of α across different land-cover types.
Note that we removed pixels that contained significant urban and built-up
land cover category due to contamination of VOD signal in such regions.

Figure 7. Dependence of the partial correlations and full-term correlation on mean VOD. Scatterplots of correlations
against mean VOD: (a) the partial correlation of VOD with LAI accounting for the effect of ψL

est., (b) the partial correla-
tion of VOD with ψL

est. accounting for the effect of LAI, and (c) the correlation of the suggested full-term equation against
mean VOD signal. The mean is shown as a black line, while the median is shown in red.
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VOD retrieved from the same sensors using an alternative algorithm, the Land Parameter Data Record (Du
et al., 2017) with different estimation techniques for (among others) the effects of land surface tempera-
ture, scattering albedo, and contributions from open water bodies. The site-level validations did not
change significantly. Similarly, the global average sensitivity to LAI and ψL were similar. In most areas,
the total correlation between VOD and VODest. differed by less than ~10% between the two algorithms.
However, large differences of more than 30% occurred in several high-latitude regions with numerous
open water bodies (where the Land Parameter Data Record retrievals performed better) and in densely
forested sites in the Southeastern US and Southeastern China (where the LPRM retrievals performed
better; see Figure S7).

While the focus of this paper was to explore the sensitivities of passive microwave-based VOD data, active
microwave (e.g., radar) observations are also sensitive to water content and may therefore exhibit some of
the same sensitivities exhibited here. Indeed, several studies have recently interpreted diurnal (Friesen
et al., 2012; Frolking et al., 2011; Konings, Yu, et al., 2017; Steele-dunne et al., 2012; van Emmerik et al.,
2015) and seasonal (Saatchi et al., 2013; van Emmerik et al., 2017) dynamics of backscattering coefficients
as sensitive to water stress. For instance, van Emmerik et al. (2017) showed that Ku-band radar backscattering
coefficients observed by RapidScat follow the dynamics of stem water content measured by dendrometers in
the Amazon.

Nevertheless, both the local and global scale analyses performed in this study are potentially sensitive to
a range of error sources, including errors from hysteresis or nonlinearity in the VWC–ψL relationship, errors
in the LAI data sets, or effects of phenologically varying biomass components not captured by LAI (e.g.,
fruit and wet litter). The global analyses neglect the role of growth of woody components and possible
disturbance (e.g., harvesting and fire) across the 8 years of the AMSR-E record studied and may thus
underestimate the effect of biomass changes on the overall VOD dynamics. Taken together with the
errors in the ψL

est. that suggested the contribution of ψL is also underestimated may explain why, for
most pixels, only about 70% of the overall VOD dynamics are accounted for by the new
conceptual model.

The site-level comparisons were sensitive to the effects of subpixel heterogeneity and differences in between
the time of day at which ψL measurements were collected and the 1:30 AM/PM overpass times of the
satellites. By contrast, the global-scale estimation was most sensitive to errors in the estimation of ψL from
remotely sensed surface soil moisture including difference between surface soil and root-zone soil moisture
estimates, errors in soils or pedotransfer data used to relate soil moisture to ψs, and incomplete equilibration
between ψs and ψL for at least some of the species at the 1:30 AM overpass time of the VOD measurements.
Furthermore, possible seasonal biases introduced by filtering rainy days, particularly in areas with a strong
rainy season, can lead to errors. However, since filtering the rainy days improves the averaged correlations
by only up to 4% globally compared to the nonfiltered data and spatial patterns in the different correlations
do not change significantly, this effect may be minor. Overall, the conceptual model accounting for both
water stress through changes in ψL and phenological changes is able to explain a majority of the observed
VOD dynamics.

The sensitivity of VOD to ψL demonstrated here underscores the potential utility of VOD in plant hydraulic
studies. At this time, it is not possible to predict a priori the coefficients in the conceptual model relating
VOD to ψL and LAI. Although these coefficients are time-invariant, the high expected error in the esti-
mates of global ψL likely affects the absolute values of the regression parameters. This prevents a direct
determination of ψL from VOD. Additional radiative transfer or plant physiological studies may continue to
provide insight into optimal parameter values, although we are not presently aware of any site where
repeated measurements of both biomass and leaf water potential are available. In the meantime, VOD
observations may prove particularly useful in studies where regression parameters can be explicitly
retrieved or in quantitative studies where an exact parameterization of the VOD–ψL relationship is not
necessary, for example, statistical (or machine learning-based) predictions. Observations from optical
remote sensing (such as LAI), soil moisture, or gravitational data reflecting total columnar water content
may all be useful inputs in such statistical models. Regardless of the methodology or training data sets,
additional research is required to robustly account for the effect of biomass dynamics on VOD in order
to determine water potential and vice versa.
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5. Conclusions

In this paper, we introduced a conceptual framework for analyzing variations in microwave VOD—
proportional to vegetation water content—in terms of both changes in leaf area index and leaf water
potential, ψL. Observed X-band VOD signals from AMSR-E were estimated from four terms incorporating the
effects of total canopy biomass, ψL, and their interactions. The validity of the conceptual model was examined
using ψL observations at three field sites in the United States—an evergreen woodland at Sevilleta, NM and
two deciduous forests in Missouri and Indiana. The estimated VODmatched the true observed VOD signal, with
high coefficients of determination for each of the three studied sites (R2 = 0.64–0.8).

To increase the variety of ecosystems for which VOD sensitivities could be analyzed, ψL values were estimated
at a global scale with the help of surface soil water potential data, assuming predawn equilibrium. The final
estimated VOD signal improves the partial correlation of true VOD with ψL

est. ~30% on average and the par-
tial correlation of VOD with LAI ~15%, indicating sensitivity to both phenology and water stress. In wetter
regions with denser and taller canopy heights (higher mean VOD), VOD was more highly correlated with
LAI than water potential. By contrast, in drier regions with sparser vegetation covers, VOD had higher correla-
tions with plant water potential.

Our simplified conceptual framework enables better understanding of the contributions of phenology and
water stress to VOD dynamics. Because both LAI and ψL affect VOD, trends in VOD at a given location are
sensitive to both factors. Therefore, care must be taken that interpretations of VOD trends as biomass
trends also account for the hydrological effects (e.g., water stress related) on VOD. The sensitivity of
VOD dynamics to ψL (along with biomass dynamics) demonstrated here suggests the potential utility of
remotely sensed VOD data sets in studies of ecohydrological processes in plants and vegetated
landscapes.
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